This paper presents a method of particle filter localization for autonomous vehicles, based on two-dimensional (2D) laser sensor measurements and road features. To navigate an urban environment, an autonomous vehicle should be able to estimate its location with a reasonable accuracy. By detecting road features such as curbs and road markings, a grid-based feature map is constructed using 2D laser range finder measurements. Then, a particle filter is employed to accurately estimate the position of the autonomous vehicle. Finally, the performance of the proposed method is verified and compared to accurate Differential Global Positioning Systems (DGPS) data through real road driving experiments.
Introduction
The development of autonomous driving technology is one of the forefront fields of research, bound to have a significant influence on the automobile industry. Presently, autonomous driving technology is developed by both traditional automobile companies such as Daimler and Toyota, as well as information technology (IT) industries such as Uber and Apple. The four essential technologies currently being developed are environmental perception, localization, path planning, and vehicle control. Localization may be accomplished using various methods, including the utilization of the Global Positioning System (GPS), a vision system, and the road infrastructure, as well as the road environment maps. The efficient use of localization is one of the most essential features that influence the performance of a self-driving car. The most popular methods of localization use GPS sensors, which are advantageous because of their vast popularity on the market and their low price compared to the other sensors. However, the GPS-based methods do not perform as well in shaded areas (overpasses, tunnels, skyscrapers, etc.), where the satellite signal may not be received, which causes a large position error [1, 2] . The operation of autonomous vehicles in an urban environment requires a seamless localization capability with an accuracy of several centimeters or less. To this end, researchers have recently been studying localization methods based on road environment maps, using on-board sensor measurements [3, 4] .
A road environment map includes a variety of road features (curbs, road marking, structure, etc.) and helps a vehicle localize itself seamlessly and accurately. Many studies have been performed on map-based localization techniques that use a vision system or three-dimensional (3D) Light Detection and Ranging (LiDAR) sensors, which can acquire point clouds in a single scan [5] . However, the price of such a sensor is too high and the processing of such large amounts of data requires a lot of computational power. On the other hand, localization based on a vision system does not provide depth information as accurately as laser sensors and its performance is significantly affected by the available illumination.
In this paper we use two-dimensional (2D) laser sensor measurements to detect road features such as the curb position and the markings on the road surface. The curb, i.e., the boundary of the road, can be detected using the 2D laser sensor measurements and stored in the road environment map. Various studies have demonstrated the extraction of the curb position by an application of a line extraction algorithm, including linear regression, the Hough transform, split and merge algorithms, the random sample consensus (RANSAC) algorithm, and the expectation-maximization (EM) algorithm. The Hough transform and the RANSAC algorithm are the most widely used procedures in the extraction of the curb position [6] [7] [8] . The Hough transform, the RANSAC algorithm, and the EM algorithm have been demonstrated to extract a straight line more accurately than other techniques; however, their accuracy comes at a large computational cost [9] .
In general, the location of the vehicle is estimated by a Bayesian estimator, such as the Kalman filter, the extended Kalman filter, or a particle filter. The Kalman filter relies on the assumption that the system is linear and the posterior probability Gaussian, meaning that it achieves a high accuracy in environments that satisfy these assumptions; however, its performance may be degraded in nonlinear and non-Gaussian posterior probability environments. A particle filter can overcome the disadvantages of the Kalman filter in non-Gaussian environments by representing the posterior probability using samples. However, because the number of samples for this estimator increases, the computational complexity of the procedure increases, as well [10, 11] .
We propose a map-based localization method that uses a 2D laser sensor to detect the road boundary and road markings for autonomous driving in an urban environment. Our main contributions are the following.
(i) We developed a seamless localization method that uses on-board sensor measurements with a reasonable accuracy and price. To detect road features, we used an affordable 2D laser sensor.
(ii) To detect the road environment features such as the lane and road markings, we used the reflectivity information and laser sensor measurements, instead of only relying on point measurements. We employed the classification method on the sensor measurements to extract the road feature information and construct a road feature map.
(iii) We employed a method based on a particle filter to calculate a posteriori distribution of the road features and estimate the position of the autonomous vehicle. A posteriori distribution is not Gaussian, meaning that the application of a localization method based on the Kalman filter would be inefficient.
Sensor System Configuration
To obtain the road boundaries and markings, we used a LMS-151 2D laser sensor manufactured by SICK. This sensor determines the distance from the object using time-of-flight measurements, which are used to calculate the propagation time of the infrared light that makes contact with an object and returns to the receiver at the sensor [12] . It is also possible to measure the reflectivity of the point on the road by determining the intensity of the reflected laser light. The 2D laser sensor was installed at a height of 1.6 m from the ground and set to scan the road surface 10 m in front of the vehicle, as shown in Figure 1 .
The moving distance of the vehicle can be measured using the encoder sensor and the inertial measurement unit (IMU). To predict the location of the vehicle in the particle filter method, it is necessary to obtain the moving distance of the vehicle during the sampling. The vehicle moving distance and velocity were calculated by Runge-Kutta integration for the dead reckoning obtained by inertial measurements [13] .
Road Information Extraction by a 2D Laser Sensor
The road environment includes a variety of features, such as curbs, signal lights, lane markings, and guard rails. The locations of the curb and the lane were estimated using the distance and reflectivity measured by the 2D laser sensor. The road boundaries were classified by denoting the pattern of a continuous and long straight line followed by an abrupt change in its slope. The observed lane markings are painted with a special material that contains glass beads, which allows for a greater reflectivity compared to the remaining road surface. The retroreflection phenomenon of the glass beads is demonstrated in Figure 2 (a), whereas Figure 2 (b) shows a section of the experimental site used for the road feature extraction. We estimate the road boundaries by identifying the curb position based on the measurements of the 2D laser sensor. The Adaptive Breakpoint Detector (ABD) and the Iterative Endpoint Fit (IEPF) algorithm were employed for their high computational speed for the extraction of straight lines [14] . The ABD algorithm is used to classify data into breakpoints when the interval of consecutive distance data is larger than the threshold circle, . Figure 3 shows the threshold circle described by the following equation:
where the distance from the sensor to the point on the road surface is denoted by . The symbol Δ represents the angle between the vectors and −1 , whereas and are used as hyperparameters that control the size of the threshold circle. If the distance between the point data (dist = ‖ − −1 ‖) is larger than , the points and −1 are considered to be disconnected and classified as a breakpoint. Table 1 shows the pseudocode of the ABD algorithm, where is the cardinal number of a point and is the total number of points. We used the IEPF algorithm to extract a straight line for the M groups clustered by the ABD algorithm ( 1 , . . . , ), where M is the total number of particles. The IEPF algorithm calculates the longest vertical distance at each of the points, , as well as the line connecting the endpoints of the first group, 1 and . If is larger than the set parameter , the algorithm splits 1 based on the point into two groups, for one of the divided groups, . If the vertical distance is smaller than , the process of splitting is started in the next group, 2 1 . The IEPF algorithm is applied to the remaining groups ( 2 , . . . , ), which enables us to represent the point data of the laser sensor as a group of straight lines. When the angular difference between the adjacent straight lines is small, they are merged into one group. Figure 4 presents a schematic diagram of the IEPF algorithm and Table 2 shows its pseudocode. when all sets in S have been checked, merge collinear segments Figure 5 (a) shows the extracted road area obtained by sequentially processing the distance measurement data using the ABD and the IEPF algorithms. The black circles in the figure represent the distance measurement data, the red stars are the breakpoints, and the blue line shows the road area extracted by applying the line extraction algorithm. As described, the discrimination of the lane markings on the road is enhanced by the use of a paint that contains glass beads [15] . The classification of the road and the road markings depend on the intensity of the reflected laser pulse [16] . The results of the lane marking classification are shown in Figure 5 (b), where the vertical axis represents the reflectivity of the returned laser light. The reflectivity values larger than the threshold value are denoted by red stars, whereas those lower than the threshold value are denoted by black circles. As the figure shows, four road surface markings with high reflectivity were classified and the location of the vehicle relative to the lane marking can be estimated.
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Construction of a Road Feature Map
The road region and the lane markings were extracted using the method described in the previous section. Based on those results, a grid map was constructed with a resolution of 10 cm × 10 cm for each grid cell. 
Particle Filter Localization
The probabilistic localization method we used employs a Bayesian filter [17] , which relies on a belief, i.e., a probability distribution of the vehicle location −1 at a time t that can be expressed as follows:
where the sensor measurements before the time and the vehicle movement are denoted by 1: and 1: , respectively. By using the previous location, −1 , and the movement, −1 , the location of the vehicle can be expressed in a recursive form:
The probability distribution, ( −1 ), at the following time, , can be estimated using the probability ( ) at the moving position, and the previous position of the vehicle can be expressed using the theorem of total probability:
In addition, the current positional probability, ( ), can be calculated by employing the Bayes rule with ( ), the normalization constant , and the conditional probability that uses the measured values, ( | ):
In this study we consider various features present in real road environments. In many cases, the posterior probability distributions are not Gaussian [18, 19] , which is why we use a particle filter suitable for nonlinear systems to estimate the location of the vehicle. Our particle filter calculates the posterior probability without assuming the distribution to be Gaussian [10, 11, 19] . The posterior probability in the particle filter is expressed through the particles sampled using the non-Gaussian distributions:
, [2] , [3] , . . . ,
where represents the number of particles and each particle is denoted by [ ] , with 1 ≤ ≤ . As is the case for other Bayesian filters, a particle filter recursively obtains ( ) from ( −1 ). Since the belief of a particle filter is represented by the particles, is also recursively obtained from −1 . The particle filter method comprises five steps: Initialization, Prediction, Update, Estimate, and Resampling; Figure 8 illustrates the importance sampling process for a particle filter [20] .
(i) Initialization: the initial position and direction of a vehicle are not known in advance, so the particles are placed at arbitrary positions. The initialization is performed only at the beginning and the individual weights of the particles are all equal to 1/ .
(ii) Prediction: the following particle locations, , are predicted by applying the vehicle movement, , to the particle locations at the previous time step, −1 . The probability ( ) can be expressed using the distribution of the moved particles:
(iii) Update: the importance factor of a particle [ ] , i.e., its weight, is denoted by [ ] . The weights are expressed using the information measured by the sensor and the measurement information available on the map. By comparing the road boundary information measured by the laser sensor and the road marking information in the road environment map constructed in advance, the weights can be calculated as follows:
(iv) Estimation: by use of the normalization constant , the weight [ ] , and the probability ( ), we can obtain the belief, i.e., the position of the vehicle:
(v) Resampling: the particles with high weights are cloned by creating a new set of particles that does not contain those with a low weight. This new set of particles is used for the next prediction, at the time + 1. 
Results and Discussion
We verified the performance of the proposed localization method based on a particle filter on a public road. Both sides of the public road contain curbs that separate the road region from the nonroad region. The road region has center lines, lanes that help distinguish the direction of travel, and various other road markings. The relative weight of the particles was obtained from the weights assigned by the road markings and the curb, which allowed them to diverge or converge. Figure 9 shows the convergence and divergence of particles according to the road surface information in some sections of the experiment. The yellow color in the figure represents the road markings and curbs, whereas the black color denotes the road feature map information collected a priori, using a 2D laser sensor. The positions of each particle are shown in gray and the estimated positions from the particle filter are shown in red. The measurements obtained using the DGPS, showing the actual position of the vehicle with an accuracy of up to 10 cm, are presented as blue.
The lateral position error shown in Figure 9 (a) is small, but the repeated lane markings and curbs diverged the particles longitudinally, and the longitudinal position error obtained from the DGPS and the particle filter position estimation is approximately equal to 1.1 m. Figure 9 road surface information (the directional arrow markings, the symbol markings, the stop lines, etc.) can be used to estimate the longitudinal position of the vehicle. Compared to Figure 9 (a), such road markings show a gradual decrease in the longitudinal position error in Figure 9 (b). Further road markings in Figure 9 (c) indicate that particles were collected, which resulted in a significant reduction in the error between the DGPS and the particle filter position recognition. The root mean square (RMS) error between the DGPS location measurements and the results obtained by the method presented in this paper is shown for the longitudinal and the lateral position in Figures 10(a) and 10(b) , respectively. As Figure 10 shows, the longitudinal error is greater than the lateral error for the initial 40 seconds. The RMS value of the lateral axis error is 0.125 and it does not significantly deviate from the RMS value after the initial 40 seconds have passed. However, the RMS of the longitudinal axis error equals 1.79 m immediately before 40 seconds had passed and 0.178 m after. Thus, as the image shows, it takes some time for the longitudinal axis estimation to converge to the true value. This effect stems from the 2D laser sensor scanning the road surface only in the lateral direction, thereby not providing information in the longitudinal direction. In addition, the road features for the travel direction are identical, which makes the identification of the longitudinal position difficult. Our experimental data are divided into three sections: the first, second, and third sections comprise the data obtained during the temporal intervals from 20 s to 60 s, from 70 s to 140 s, and from 150 s to 200 s, respectively. Figure 11 shows the convergence of the particle filter estimates to the DGPS reference in the first section. The present longitudinal errors were significantly reduced by the detection of an arrow marking on the road between 30 s and 40 s. Then, the longitudinal error increased until 45 s, when a new feature was detected which allowed it to converge between 50 s and 60 s. The localization error during the second section is shown in Figure 12 . Both the lateral and the longitudinal error maintained the value of approximately 0.1 m for the first 20 seconds of the second section. At that point, the road marking used to distinguish the center line began to widen, which made it difficult to estimate the exact lateral position of the vehicle. Once the vehicle passed the area where the center line widened, the lateral error converged to a small value, which did not happen for the longitudinal error, because no road feature in the longitudinal direction was detected.
The third section, presented in Figure 13 , mapped an intersection of the road. As can be seen in Figure 13(a) , the error increased in both the lateral and the longitudinal direction between 160 s and 185 s, as the vehicle was approaching the intersection area, where the curb and the lane do not exist. The lack of features in the sensor field of view caused the localization algorithm to assign even weights to all particles, which resulted in the growth of the lateral error. The lateral error greatly diminished around 185 s, after the vehicle passed the intersection and the curb, when the lane markings could be detected again. The error in the longitudinal direction did not converge because no features were found to provide longitudinal information.
As has been shown, the proposed localization algorithm provided good estimates, with an accuracy of approximately 0.1 m, which is equal to the size of the grid cell, if the road feature exists in its sensor field of view. In general, lane markings and curbs can be found in most parts of a road, except for the intersections. Therefore, we expect the proposed algorithm to provide good localization estimates in the lateral direction. However, on parts of the road that contained no features to provide longitudinal information, it took time for the longitudinal position estimation to converge to the true value. Despite this, the accuracy of 0.1m in the lateral direction was good enough to enable the vehicle to follow the road successfully. Because accurate lateral estimates are more important than the longitudinal error for the urban navigation of an autonomous vehicle, this method can be expected to successfully determine the location of the vehicle on roads in these environments.
Conclusions
We studied a localization method for autonomous vehicles, based on a road environment information map. Many mapbased localization methods use expensive 3D LiDAR sensors, which also require a lot of computational power, whereas our proposed method uses a 2D laser sensor as a more affordable alternative. To overcome the difficulties stemming from the smaller number of measurements obtained using the 2D laser sensor, we utilized different types of road features, stored in the form of a grid map. By comparing the road features obtained during the vehicle motion to the information of the stored map and using our proposed particle filter method, we efficiently estimated the location information for the vehicle. The experiments were conducted on a public road, for which we could construct a map in advance, allowing for an evaluation of the localization performance. Another experiment was carried out with an accurate DGPS sensor, and the accuracy of the proposed method was evaluated by comparing the localization results with the accurate DGPS measurements.
Our analysis showed that the lateral error can reach the accuracy required for lateral vehicle control. However, the longitudinal error is greater than the lateral error due to the road features not being continuously found on the road. Despite this, as soon as a road feature relevant for the longitudinal direction appears, the error converges quickly and the longitudinal localization maintains a good accuracy. The used 2D laser sensor has a reliable return of the laser light from the road surface, which makes the reliability of the proposed method better than of those that use cheap GPS sensors. In conclusion, the proposed method can be expected to provide reliable localization data for autonomous vehicles in an urban environment, it comes at a reasonable price, and it can be combined with other sensing methods, such as camera vision or assistance from the road infrastructure.
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